Visual Environment (IMPROVE) network using a global chemical transport model Chem) and its adjoint. Our best estimate of the BC emissions is 49.9 Gg at 2°×2.5° (a factor of 5 2.1 increase) and 47.3 Gg at 0.5°×0.667° (1.9 times increase). Model results now capture the 6 observed major fire episodes with substantial bias reductions (~35% at 2°×2.5° and ~15% at 7 0.5°×0.667°). The emissions are ~20-50% larger than those from our earlier analytical 8 inversions (Mao et al., 2014). The discrepancy is especially drastic in the partitioning of 9 anthropogenic versus biomass burning emissions. The August biomass burning BC emissions are 10 4.6-6.5 Gg and anthropogenic BC emissions 8.6-12.8 Gg, varying with the model resolution, 11 error specifications, and subsets of observations used. On average both anthropogenic and 12 biomass burning emissions in the adjoint inversions increase twofold relative to the respective a 13 priori emissions, in distinct contrast to the halving of the anthropogenic and tripling of the 14 biomass burning emissions in the analytical inversions. We attribute these discrepancies to the 15 inability of the adjoint inversion system, with limited spatiotemporal coverage of the IMPROVE 16 observations, to effectively distinguish collocated anthropogenic and biomass burning emissions 17 on model grid scales. This calls for concurrent measurements of other tracers of biomass burning 18 and fossil fuel combustion (e.g., carbon monoxide and carbon isotopes). We find that the adjoint 19 inversion system as is has sufficient information content to constrain the total emissions of BC 20 on the model grid scales. 21 22
Introduction
to improve air quality and public health simultaneously (Ramanathan and Carmichael, 2008 ; 2
Bond et al., 2013). 3
The deposition of BC on glaciers is known to be an important driver to the observed rapid 4 glacier retreat (Xu et al., 2009; Painter et al., 2013) and further impacts the regional hydrological 5 cycle over mountain ranges (Qian et al., 2009 ). In the Western United States (WUS), mountain 6 snowmelt accounts for at least 70% of the annual stream flow (Qian et al., 2009 ). In the recent 7 decades, the WUS is experiencing the most severe drought (e.g., Melillo et al., 2014) and the 8 water level of the Colorado River has been decreasing (e.g., Vano et al., 2013) . It is thus 9 imperative to better understand the sources, transport, and deposition of BC in the WUS 10 mountain ranges. 11
Recent studies have shown that the biomass burning BC emissions in the WUS were 12 underestimated by a factor of two in both the absolute magnitudes and the timing and location of estimates by minimizing an error-weighted least squares cost function (Rodgers, 2000) . There 29 are two methods to achieve the minimum of the cost function, the so-called analytical inversion 30
and adjoint (i.e. variational) inversion (Kopacz et al., 2009 , and references therein). The 31 analytical method obtains an analytical solution by explicitly constructing a Jacobian matrix. 1 However, the analytical method limits the number of the observations and the number of the 2 sources and source regions that could be optimized because it is computationally expensive. 3 Alternatively, the adjoint method seeks a numerical solution iteratively by using a suitable 4 optimization algorithm (e.g., the conjugate gradient method) and is thus able to handle a very 5 large number of observations and a large state vector resolved on a model grid scale. 6 Inverse modeling in general is suited for estimating emissions of unreactive or weakly 7 reactive chemical species when their atmospheric concentrations are linearly or weakly non-8 linearly dependent on emissions (Müller and Stavrakou, 2005) . These species include but are not 9 CTM and its adjoint. We use the observations for 2006 from 69 mostly mountainous sites in the 7 WUS (Fig. 1) . We focus our analysis on biomass burning emissions during the large fire season 8 
where X a and S a are the a priori emissions and the associated error covariance, S ɛ the 28 observational error covariance, and γ r the regularization parameter that adjusts the relative 29 fires. We set the observation error at 30, 50, or 100%, which includes the model, representation, 23 and measurement errors. Setting these errors in relative terms can become problematic when the 24 observed BC concentrations are vanishingly small. These small values tend to skew the inversion 25 toward matching the minimal errors. We thus set an absolute error of 0.04 µg m -3 based on the 26 estimated observation errors. We showed previously that the combination of 50% uncertainty for 27 anthropogenic emissions, 500% uncertainty for biomass burning emissions, and 30% total 28 observation error provided the best retrieval results in the analytical inversions (Mao et al., 2014) . 29 We adopt this set of error specifications in the standard inversion in the present study (Case 1, 30 Table 1 ). The results are compared with those from the analytical inversions of Mao et al. (2014) . 31
Emission scaling factors X/X a 1
We optimize here the scaling factors of emissions X/X a (rather than the actual emissions X), 2 as a standard practice in adjoint inversion studies (Henze et al., 2009 ). The form of the scaling 3 factors in an adjoint inversion is crucial for the inversion to efficiently and rapidly converge to a 4 solution (Jiang et al., 2015b). When the optimization is directly on the scaling factors expressed 5 linearly as X/X a (i.e., the cost function gradient is computed with respect to X/X a ), the regions 6 with strong a priori emissions tend to dominate the optimization, manifested in unrealistically 7 large changes of emissions in these regions but limited variations in the regions with weak a 8 priori emissions. Alternatively, when the optimization is instead on the logarithm of the scaling 9 factors, ln(X/X a ) (i.e., the cost function gradient is now computed with respect to ln(X/X a )), the 10 optimization can potentially result in an unbalanced convergence that is much faster for the 11 regions with positive biases than for the regions with negative biases. Here we calculate cost 12 function gradients with a hybrid form of scaling factors (Jiang et al., 2015b), 13 
Results and discussion

17
Our standard adjoint inversion is at 2°×2.5°, with uncertainties of 50% for anthropogenic 18 emissions, 500% for biomass burning emissions, and 30% for the observation (Case 1, Table 1 ). 19 The a posteriori emissions are 49.9 Gg at 2°×2.5° and 47.3 Gg at 0.5°×0.667° for July-20 September, substantially higher than the a priori (24.3 Gg), because the modeled surface BC 21 concentrations are largely biased low at most IMPROVE sites (Mao et al., 2011 (Mao et al., , 2014 . 22 We focus our discussions hereinafter on August only, unless stated otherwise, for the sake of 23 concision and clarity. (Table 1) are slightly larger at 0.5°×0.667° (53%) than at 2°×2.5° (39%). The larger 22 differences reflect in part that the adjoint inversion system has even more difficulty in 23 constraining the emissions at the finer grid scale (Sects. 4.1.3 and 4.2). 24 25
Pseudo observations 26
We use pseudo observations of BC concentrations in another group of inversions (Table 2) to 27 further examine the sensitivity of the adjoint inversions to collocated emissions, error 28 specifications, and observations. We generate the pseudo observations by increasing the a priori 29 biomass burning emissions of BC in each grid box threefold. The total amount of the a priori 30 emissions added is 5.6 Gg. The frequency of the pseudo observations are 24-hour averages forevery three days, following the IMPROVE measurements of BC. We then invert the pseudo 1 observations at 2°×2.5° and with the same a priori emissions as those used in the standard 2 inversion (Case 1). We examine whether the inversions are able to fully recover the emissions 3 used to generate the pseudo observations. Specifically, we expect the a posteriori biomass 4 burning emissions to increase threefold relative to the a priori, whereas the anthropogenic 5 emissions remain unchanged. 6 We first conduct two inversions (Pseudos 1-2) to investigate the ability of the adjoint 7 inversion system to distinguish collocated anthropogenic and biomass burning emissions. We . Carbon isotopes such as 14 C are known to be 2 present at small and more or less constant levels in biogenic emissions but absent in fossil fuels 3 (Schichtel et al., 2008) . Ample studies heretofore have shown that 14 C is useful for analyzing the 4 source apportionment of atmospheric carbonaceous aerosols (Heal, 2014 , and references therein). of the bias of the 24-hour average surface BC concentrations are Gaussian (Fig. 11) , as expected. 26
The inversions reduce both the mean (by ~35% at 2°×2.5° and ~15% at 0.5°×0.667° for July-27 September) and standard deviation of the biases. emissions. The total was ~20-50% larger in the adjoint inversions than in the analytical 27
inversions. Both the biomass burning and anthropogenic emissions from the adjoint inversions 28 doubled, whereas the analytical inversions showed factors of 3-5 increases in the former and ~50% 29 reductions in the latter. We attributed these differences to the inability of the adjoint inversion 1 system to effectively distinguish collocated biomass burning and anthropogenic emissions on the 2 model grid scales. That inability resulted in excessively large anthropogenic emissions in the 3 regions where biomass burning emissions were underestimated. 4
The inversions with various pseudo observations indicated that observations of surface BC 5 concentration covering half of the model grid boxes had sufficient information to constrain the 6 total emissions of BC on the model grid scales. IMPROVE observations of BC have sufficient 7 information to constrain the total BC emissions at the model grid scales, especially at 2°×2.5°. 8
The limitations of the adjoint inversion system, including the spatiotemporal coverage of the 9 IMPROVE observations of BC, call for concurrent measurements of other combustion tracers 10 (e.g., CO and carbon isotopes). Other factors may also improve the inversions, e.g., increase 11 measurements in the source regions, or considering the spatial correlation of the a priori errors in 12 the inversions. 13 
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